Integrated models incorporating radiologic and radiomic features predict meningioma grade, local failure, and overall survival
Meningiomas, which display remarkable histopathologic and clinical heterogeneity, represent approximately 37% of all primary intracranial tumors diagnosed in the United States. 1, 2 Although clinical features such as adjuvant radiation, patient age, and history of prior meningioma influence outcomes for patients with meningioma, the primary prognostic features are World Health Organization (WHO) grade and extent of resection. 3 The majority of meningiomas are WHO grade I and follow an indolent clinical course, particularly after gross total resection (GTR) or definitive radiotherapy. 4 However, some WHO grade I and a substantial proportion of WHO grade II (atypical), and WHO grade III (anaplastic) meningiomas have high rates of local failure (LF) ranging from 20% to 70% at 5 years despite multimodal treatment with surgical resection and adjuvant radiotherapy. [5] [6] [7] [8] Thus, meningioma grade and extent of resection are useful markers for risk stratification, but do not fully capture the diversity of meningioma biology or clinical behavior. Consequently, there is an unmet clinical need for new prognostic markers to identify meningiomas at risk for poor clinical outcomes.
Imaging is acquired for all meningioma patients prior to surgery or radiation, and represents a potential source of useful prognostic information. In that regard, qualitative investigations of meningioma magnetic resonance (MR) imaging have identified mushroom shape, peritumoral edema, bone involvement, proximity to a dural sinus, and greater tumor size, among others, as prognostic radiologic features of poor clinical outcomes. 9, 10 Complementary to radiologic analyses, radiomics aims to identify morphologic, textural, and statistical imaging features that predict tumor biology and clinical behavior. Radiomic analyses have identified features with prognostic value for diverse human cancers, [11] [12] [13] [14] [15] [16] [17] and for meningioma, radiologic and radiomic features can be used to predict tumor grade, but the utility of these techniques to prognosticate clinical outcomes is unknown. 12 Thus, to preoperatively identify meningiomas at risk for poor outcomes, we performed a comprehensive MR imaging analysis of 303 meningiomas (57% WHO grade I, 35% grade II, and 8% grade III) resected at two independent institutions to discover the most important radiologic and radiomics features associated with tumor grade, LF, and overall survival (OS). Using these findings, we developed integrated prognostic models to guide future strategies for meningioma risk stratification ( Supplementary Figure 1) , and identify apparent diffusion coefficient (ADC) and sphericity as prognostic imaging-derived features that can be used to preoperatively identify meningioma patients at risk for poor clinical outcomes.
Methods and Materials

Inclusion Criteria and the Primary Dataset
Patients with (1) comprehensive clinical and demographic data, (2) preoperative imaging suitable for qualitative and quantitative analyses, and (3) sufficient tissue for pathologic evaluation who underwent resection of meningioma were eligible. Patients meeting these criteria at the University of California San Francisco (primary dataset) from 1990 to 2017 were retrospectively identified and included in this study. Approximately 2600 patients underwent resection of meningioma at the University of California San Francisco during that period, and of the 218 patients who met inclusion criteria, all cases diagnosed prior to 2007 were re-evaluated by board certified neuropathologists using contemporary diagnostic criteria. 1 This study, and our preceding molecular analysis of meningiomas, 18 were both approved by the Institutional Review Board, Human Research Protection Program Committee on Human Research, at the University of California San Francisco, and written informed consent for participate in research was obtained from patients at the time of surgery.
Patient demographic, past medical history, and treatment variables were extracted from the medical record. These included patient age at the time of resection, sex, race, history of prior head or neck radiotherapy, history of prior meningioma treatment, extent of resection, and adjuvant radiotherapy (Table 1) . GTR (Simpson grade I-III) and subtotal resection (Simpson grade IV) were determined based on postoperative imaging in conjunction with the operative report. LF was determined radiologically and defined as the appearance of any tumor locally on subsequent brain imaging following GTR or interval growth of residual tumor of ≥20% along any dimension following subtotal resection. Local freedom from recurrence (LFFR) and OS were determined from the date of meningioma resection until the date of LF or death, respectively. The date of last contact was used for survival analysis for patients who were alive and without
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External Dataset
An independent, external validation dataset consisting of patients who underwent resection of meningioma at the University of Toronto (external dataset) from 2010 to 2017 was developed using similar criteria. In brief, demographic, past medical history, and treatment variables were extracted from the medical record for 85 patients with preoperative imaging suitable for qualitative and quantitative analysis ( Table 2 ). These data included patient age at the time of resection, sex, history of prior head or neck radiotherapy, history of prior meningioma treatment, extent of resection, adjuvant radiotherapy, meningioma grade, LF, and vital status, similar to the variables comprising the primary dataset. Consistently, this study was also approved by the Institutional Review Board, Human Research Protection Program Committee on Human Research, at the University of Toronto. Of note, there were fewer atypical and anaplastic meningiomas in the external dataset compared to the primary dataset (21% vs 51%), which corresponded to a decrease in the number of local recurrences (7% vs 36%) and deaths (6% vs 27%). Moreover, the median imaging follow-up in the external dataset was shorter than the primary dataset (40 months vs 52 months). Despite these limitations, the prognostic value of preoperative imaging features was recapitulated in the external dataset, and combination of primary and external datasets improved the performance of integrated prognostic models predicting tumor grade, LF, and OS in patients with meningioma.
MR Image Acquisition
Preoperative imaging for both the datasets was acquired exclusively on GE 1.5 or 3 Tesla MR scanners. The MR imaging parameters varied slightly over the course of the study period, but at a minimum, the standard neuronavigation MR imaging protocol consisted of the following pulse sequences: pre-contrast T1 and T2, T2 fluid attenuated inversion recovery (FLAIR), diffusion weighted (b values, 0 and 1000 s/mm 2 ), and gadolinium-enhanced 3D spoiled gradient-recalled echo (SPGR) T1-weighted images.
Annotation of Radiologic Features
A comprehensive radiologic review of preoperative imaging studies from both datasets was performed by board certified (J.E.V-M.) and fellowship trained (P.A-L.) neuroradiologists, who were blinded to all clinical data. Interrater reliability of radiologic annotations was measured using kappa statistics. 19 Commonly annotated radiologic characteristics were derived from multiplanar MR images, including maximal tumor diameter, intrinsic T1 signal intensity, degree of contrast enhancement on gadolinium-enhanced T1 imaging, T2 signal intensity, intratumoral necrosis, venous sinus involvement, presence of multiple meningiomas (multifocal), arterial narrowing, bone involvement, indistinct tumor margins, peritumoral edema, sunburst vessels, dural tail, cerebrospinal fluid (CSF) cleft sign, and meningioma location ( Table 3) . Location was classified with the following nonmutually exclusive categories: anterior cranial fossa, ADC, apparent diffusion coefficient; CSF, cerebrospinal fluid. Table 1 . Continued middle cranial fossa, posterior cranial fossa, midline, convexity and/or skull base. In keeping with the clinical nature of radiologic annotations, ADC was evaluated qualitatively as would be in routine practice. Tumor signal intensity on ADC maps was recorded for patients for whom diffusion weighted imaging was available (N = 263, 84% of total). All signal intensities were measured relative to gray matter. Interrater reliability measured with kappa statistics for radiological features with prognostic significance was substantial, with k = 0.76 for ADC hypointensity, k = 0.7 for bone involvement, k = 0.85 for peritumoral edema and k = 0.63 for indistinct tumor margins.
Calculation and Selection of Radiomic Features
All meningiomas were manually segmented on preoperative three-dimensional T1 post-contrast MR images using commercially available software (MIM Software Inc.) by two radiation oncologists (W.C.C. and M.S.), and verified by a board-certified radiation oncologist with expertise in central nervous system tumors (D.R.R.). Images and contours were processed using a quantitative imaging prediction modeling platform named MEDomicsLab, which extracts radiomic features from MR images as described in the Imaging Biomarker Standardization Initiative. 20 Prior to feature calculation, MR images were bias corrected 21 in ADC, apparent diffusion coefficient. ADC, apparent diffusion coefficient; CSF, cerebrospinal fluid; GLCM, gray-level co-occurrence matrix; GLRL, gray-level run length matrix; GLSZM, gray-level size-zone matrix; GLDZM, gray-level distance-zone matrix; NGTDM, neighborhood gray-tone difference matrix; NGGLDM, neighborhood gray-level dependence matrix. a Unless otherwise stated, all variables were binary. b Signal intensity measured relative to gray matter.
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MIM and normalized using a segmented region of normal cortex to limit variability in signal intensity between patients. Likewise, expansions and contractions of segmented tumors ranging from 1 to 3 mm were generated to eliminate potential biases from small contouring variations prior to feature selection. The calculated radiomic features included 29 morphologic, 1 local intensity, 18 statistics, 23 intensity histogram, 7 intensity volume histogram, 25 gray-level co-occurrence matrix, 16 gray-level run-length matrix, 16 gray-level size-zone matrix (SZM), 16 gray-level distance-zone matrix (DZM), 5 neighborhood gray-tone difference matrix, and 16 neighborhood gray-level difference matrix ( Table 3 ). Wavelet filters (coiflet base function) were also applied in three-dimensions prior to feature calculation. In addition to the original image space, radiomic features were also extracted from the resulting eight wavelet sub-bands. Feature extraction was performed using a scale of 3 mm and a quantization level of 32 fixed bins. For incorporation into prognostic models, the initially large set of radiomic features was reduced to fewer than 15 features using a supervised false-positive avoidance methodology 22 to reduce feature correlation and dimensionality. The reduced set of radiomic features was retained for all random forest models thereafter (Table 3 ).
Statistical Analyses
Five sets of features were used to develop prognostic models: (1) demographic features at presentation, (2) radiologic features annotated from preoperative MR imaging, (3) radiomic features extracted from preoperative three-dimensional T1 post-contrast MR images, (4) therapeutic characteristics such as extent of resection and adjuvant radiation, and (5) meningioma grade as established by histopathologic analysis (Supplementary Figure  1 and Table 3 ). All random forest models were trained and tested using nested resampling. For each model, 1000 random forest trees were generated. The primary and external datasets were split into three sets each time, including a training set (70%), a validation set (10%), and a testing set (20%). The training and validation sets derived from the primary dataset were used for hyperparameter tuning using grid search and final feature selection. Once the optimal hyperparameters and features were obtained, models were built using the training and validation sets, and performance was evaluated in the testing set. Models were created using the primary dataset only and by combining the primary and external datasets. All statistical analyses were performed in R (v 3.5.0; R Foundation for Statistical Computing, 2018). All prognostic modeling and visualization were performed using an institutional rtemis 23 package for machine learning and visualization in R (https://github.com/egenn/rtemis). The performance of each model was assessed by calculating the balanced accuracy and area under the curve (AUC) on each left-out set. The mean balanced accuracy and AUC across 10 resamples were reported. Comparisons between models were made by testing whether the distributions of calculated AUCs between two models were statistically different using the non-parametric Wilcoxon test.
Heatmaps were created based on pairwise Pearson correlations among features and arranged by hierarchical clustering to explore the relationships between features and studied outcomes. Univariate Cox analyses (UVA) were performed for time to LF and OS, and logistic regression was performed for WHO grade. Variables with P < .10 were included in subsequent multivariate analyses (MVA). Recursive partitioning analysis (RPA) was performed using the rpart R package with default settings, with the optimal initial number of splits determined by 10-fold cross-validation. The resulting tree was pruned by applying a log-rank P-value threshold of less than .10 for each split. Clinical outcomes were estimated using the Kaplan-Meier method and compared using log-rank tests. Contingency tests were performed using Fisher's exact and chi-squared tests.
Results
Patients, Meningiomas, and Outcomes
On the basis of eligibility criteria of available clinical follow-up data, preoperative imaging suitable for quantitative analyses, and available tissue for re-evaluation according to contemporary diagnostic criteria, we identified 303 patients who underwent resection of 314 meningiomas at the University of California San Francisco and the University of Toronto (Tables 1 and 2 ) from 1990 to 2017. The median age at presentation was 59 years (range: 14-89 years). One hundred ninety-one patients were female (63%) and 112 were male (37%). Seventy meningiomas (22%) were recurrent. There were 179 WHO grade I (57%), 110 WHO grade II (35%) and 25 WHO grade III meningiomas (8%). The median meningioma volume was 30.2 cm 3 (range: 0.40-335.3 cm 3 ), as calculated from three-dimensional volumetric contours. GTR was achieved in 176 cases (56%), and 59 meningiomas received adjuvant radiation (19%). With a median follow-up of 4.3 years (range: 0-16 years) in the primary dataset (Table  1) , the Kaplan-Meier 5-year LFFR estimates were 86%, 58%, and 40%, and the 5-year OS estimates were 89%, 73%, and 49% for WHO grade I, WHO grade II and WHO grade III meningiomas, respectively.
Preoperative MR Imaging Features Are Prognostic for Meningioma Grade, Local Failure and Overall Survival
To identify preoperative MR imaging features with prognostic significance for meningioma grade and/or clinical outcomes, 16 radiologic features were annotated from preoperative imaging studies from the primary dataset (Table 3 and Figure 1A ). ADC hypointensity (chi-square test, P = .0001, positive-predictive value [PPV] 70%, sensitivity/specificity [S/Sp] 46% and 81%, respectively), peritumoral edema (P < .0001, PPV 57%, S/Sp 87% and 39%), absence of a CSF cleft sign (P < .0001, PPV 76%, S/ Sp 35% and 89%), and indistinct tumor margins (P = .001, PPV 90%, S/Sp 18% and 98%) were associated with high grade meningioma (WHO grade II or III). UVA using the primary dataset revealed that radiologic features of tumor diameter ≥5.6 cm (threshold determined by optimal cutoff of the receiver operating characteristics [ROC] curve, P = .0003), midline tumor location (P = .02), multifocality Table 1 ). Furthermore, MVA using the primary dataset confirmed the prognostic significance of meningioma location (HR 1.27, 95% CI 1.02-1.56, P = .03), multifocality (HR 2.57, 95% CI 1.53-4.30, P = .001), venous sinus involvement (HR 1.79, 95% CI 1.02-3.13, P = .04) and ADC hypointensity (HR 1.87, 95% CI 1.14-3.09, P = .01) for LF ( Supplementary Table 1 ). Finally, MVA using the combined primary and external datasets demonstrated that multifocality (HR 2.13, 95% CI 1.29-3.54, P = .003) and ADC hypointensity (HR 1.96, 95% CI 1.22-3.14, P = .005) were independently associated with meningioma LF (Supplementary Table 1 ).
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To identify radiologic features associated with OS from meningioma, UVA was performed and identified that meningioma diameter ≥5.6 cm (P = .009), peritumoral edema (P = .003), contrast enhancement (P = .035), absence of a CSF cleft sign (P = .006), ADC hypointensity (P = .0003) and indistinct margins (P = .0008) to be associated with worse OS in the primary dataset (Supplementary Table 2 ). Consistently, MVA using the primary dataset revealed that contrast enhancement (HR 2.42, 95% CI 1.14-5.13, P = .02) and ADC hypointensity (HR 3.30, 95% CI 1.68-6.49, P = .0005) were independently associated with worse OS. MVA analysis using the combined dataset confirmed that ADC hypointensity (HR 2.36, 95% CI 1.27-4.36, P = .006) was independently prognostic for worse patient survival (Supplementary Table 2 ).
Given the abundance of preoperative radiologic features independently associated with adverse meningioma outcomes, we performed RPA using the primary dataset to identify radiologic risk strata. We identified four distinct LF risk strata based on meningioma multifocality, tumor diameter, and ADC intensity. Multifocal tumors were associated with the lowest LFFR, and smaller, unifocal tumors with diameter <5.6 cm and high ADC were associated with comparatively greater LFFR ( Figure 1B and C) . Consistently, there was an enrichment of high grade meningiomas in high-risk LFFR strata ( Figure 1D ). RPA of preoperative radiologic features with respect to OS similarly revealed four risk strata based on ADC intensity, peritumoral edema, and bone involvement ( Figure 1E and F) , with an enrichment of high grade meningiomas in high-risk OS strata ( Figure 1F ). After stratification by grade, ADC intensity remained discriminative for LFFR among WHO grade II meningiomas (P = .013, log-rank test), and demonstrated a trend toward significance for OS in WHO grade II and grade III meningiomas (P = .055 and P = .074, respectively, logrank test). Moreover, the radiologic risk strata we report retained prognostic significance for LFFR and OS when excluding recurrent tumors and restricting analysis to primary meningiomas ( Supplementary Figure 2A) , and in the external dataset, ADC accurately discriminated between low and higher grade meningiomas (P = .036, Fisher's exact test)
Evolving understanding of meningioma biology has identified somatic mutation burden, 18, 24 DNA methylation status, 18, 25, 26 and expression of the pro-mitotic transcription factor FOXM1 18, 27 as negative prognostic factors for meningioma outcomes. To determine if radiologic risk strata for meningioma LF or OS corresponded to molecular markers of aggressive meningioma, we analyzed the distribution of radiologic strata in the context of molecular features from cases where both sets of information were available from prior whole exome sequencing, 850 k DNA methylation profiling, and RNA sequencing. 18 Consistent with the known role of high somatic mutation burden, high DNA methylation, and high FOXM1 expression in aggressive meningioma, we found that meningiomas from high-risk radiologic strata were enriched in each of these adverse molecular features ( Figure 1H-J) . In sum, these data indicate that preoperative MR imaging radiologic features can be used to accurately identify biologically aggressive meningiomas.
Preoperative MR Imaging Radiomic Features Are Prognostic for Meningioma Grade, Local Failure, and Overall Survival
To investigate the prognostic utility of quantitative radiomic features for meningioma grade and clinical outcomes, a comprehensive set of radiomic features was extracted from tumor contoured on preoperative three-dimensional T1 post-contrast MR images (Table 3 and Figure  2A ). Radiomic data were categorized into (1) morphologic features, which capture information related to tumor size and shape; (2) textural features, which capture information related to the voxel-by-voxel variation and spatial arrangement of gray-level intensities; and (3) statistical features, which capture statistical measures of the distribution of voxel intensities. UVA was performed on each radiomic feature in relation to meningioma grade, LF, and 18 The number of somatic mutations was dichotomized at the mean to assign mutation burden, methylation clusters were generated by unsupervised hierarchical clustering of the top 2000 most variable probes, and FOXM1 expression from RNA-seq was dichotomized at the median. ADC, apparent diffusion coefficient; CM, co-occurrence matrix; dcnu, dependence count non-uniformity; DZM, distance-zone matrix; glnu, gray-level non-uniformity; IH min grad, intensity histogram-minimum gradient; IVH, intensity volume histogram; LF, local failure; LFFR, local freedom from recurrence; lgre, low gray-level run emphasis; lzlge, large zone low gray-level emphasis; OS, overall survival; NGL, neighborhood gray level; NGT, neighborhood gray tone; RLM, run length matrix; RNA-seq, RNA sequencing; RT, radiotherapy; STAT, statistical; SZM, size-zone matrix; UVA, univariate analysis; V dens aabb, volume density-axis-aligned bounding box; WHO, World Health Organization. Analyses are based on the primary dataset.
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OS. The morphologic category contained the largest proportion of significant radiomic features, with greater than 70% reaching statistical significance on UVA for grade, LF, and OS ( Figure 2B ). There was substantial variation in the proportion of textural radiomic features reaching statistical significance, and fewer than 5% of statistical features were significantly associated with meningioma grade, LF, or OS (Figure 2A ). Associations between radiomic features from morphologic, textural, and statistical categories to demographic, therapy, grade, outcome, and radiologic variables were examined ( Figure 2C ). We identified significant correlation between meningioma SZM and DZM radiomic textural features with meningioma volume, indicating that these radiomic features may be confounded by meningioma size. We also discovered significant correlation between OS and the morphological radiomic features of sphericity and volume density, which were only weakly correlated with meningioma volume. Principal component analysis of morphological radiomic features confirmed the existence of a primary component (40.3% of variance) that was only weakly correlated with tumor volume (Pearson R −0.35) and contained sphericity as the variable with the highest loading factor. Thus, sphericity was selected for further investigation based on variable importance within the morphologic feature category, relatively low correlation with tumor volume (Pearson R −0.18), and ease of interpretation.
UVA and MVA in the primary dataset demonstrated that sphericity was significantly associated with LF and OS, and MVA using the combined dataset confirmed that low sphericity was independently associated with LF (HR 2.66, 95% CI 1.64-4.35, P < .0001) and worse OS (HR 3.57, 95% CI 1.92-6.76, P < .0001) ( Supplementary Tables 1 and 2) . Indeed, meningioma sphericity provided comparable stratification of LFFR, OS and cause specific survival relative to WHO grade in the primary dataset ( Figure 2D , E). After stratification by WHO grade, sphericity remained highly discriminative for LFFR in grade I meningiomas (P = .0003, log-rank test) and for OS in grade II and III meningiomas (P = .0006 and P = .008, respectively, log-rank test). Sphericity also retained prognostic significance for LFFR and OS when excluding recurrent tumors and restricting analysis to primary meningiomas ( Supplementary Figure 2 ). In the external dataset, sphericity accurately discriminated between low and higher grade meningiomas (P = .025, ANOVA) ( Supplementary Figure 3) . Finally, we found that meningiomas with low sphericity had elevated somatic mutations, DNA methylation, and FOXM1 expression ( Figure 2F ). 18 Thus, consistent with radiologic analyses, these data suggest that radiomic features derived from preoperative MR imaging can be used to accurately identify biologically aggressive meningiomas.
Integrated Models Incorporating Demographic, MR Imaging, Radiologic and Radiomic, Treatment and Pathologic Features Provide Accurate Estimates of Meningioma Outcome
To investigate whether preoperative radiologic or radiomic features impart additive prognostic value to traditional clinical variables such as patient demographics, meningioma grade, or therapy (eg, extent of resection and adjuvant radiation), we constructed integrated clinical prognostic models using the random forest method (Figure 3, B) . In order to reduce bias and overfitting, a supervised feature reduction approach 22 was applied to the large number of radiomic features, and the final variables included in prognostic models are shown in Table 3 . Compared to the traditional clinical model of meningioma stratification according demographic, grade and therapeutic data, the addition of radiologic and radiomic features did not appear to add prognostic value for LF (AUC 0.77 vs 0.75, P = .79, Wilcoxon test). In contrast, the addition of radiologic and radiomic features added significant value to prognostic models of meningioma grade (AUC 0.71 vs 0.78, P = .001, Wilcoxon test) and OS (AUC 0.71 vs 0.77, P < .0001, Wilcoxon test) ( Figure 3A,  B) . Moreover, integrated prognostic models consistently improved in performance when the external dataset was combined with random forest models derived from the primary dataset, indicating a gain of training with additional data (Supplementary Figure 4) .
Cox analyses were performed using the primary and combined datasets to validate random forest models of meningioma grade, LF, and OS ( Figure 3C and Supplementary  Tables 3 and 4 ). Demographic, therapy, grade, and radiologic variables with P < .10 on UVA were included in MVA, as were representative radiomic features within the top three radiomic feature categories: sphericity, SZM (size zone entropy) and DZM (zone distance entropy), each of which had the highest loading factor within the first principal component of their respective radiomic category. In general, all statistically significant variables in the primary dataset were also significant in the combined dataset. With respect to the latter, multifocal meningioma (HR 4.96, 95% CI 1.76-15.5, P = .004), ADC hypointensity (HR 5.56, 95% CI 2.01-16.7, P = .002), peritumoral edema (HR 3.55, 95% CI 1.4-9.59, P = .009) and absence of a CSF cleft sign (HR 0.26, 95% CI 0.08-0.80, P = .021) were independently prognostic for high meningioma grade. Recurrent presentation (HR 2.49, 95% CI 1.25-4.63, P = .01), GTR (HR 0.60, 95% CI 0.29-0.90, P = .0195), meningioma diameter (HR 1.86 per cm, 95% CI 1.00-3.47, P = .05) and low sphericity (HR 2.0, 95% CI 1.1-3.5, P = .02) were independently associated with LF. Finally, age (HR 1.05 per year, 95% CI 1.02-1.09, P = .001), GTR (HR 0.49, 95% CI 0.25-0.96, P = .0195), and low sphericity (HR 2.94, 95% CI 1.47-5.56, P = .002) were independently prognostic for worse OS.
Discussion
Key Findings
We identify that radiologic and radiomic features extracted from preoperative MR imaging are prognostic for meningioma grade, LF, and OS. By combining traditional clinical variables for stratifying meningioma patients with preoperative imaging features, we develop integrated models with significant prognostic value for meningioma outcomes. Among the comprehensive radiologic and radiomic features we investigated, we find that ADC hypointensity and low tumor sphericity are particularly associated with high grade meningioma, poor local control, and worse OS.
Prognostic Radiologic Features for Meningioma
Prior investigations of qualitative MR imaging features in meningioma have identified ADC hypointensity as prognostic for tumor recurrence. 9 Likewise, peritumoral edema, 9,28,29 irregular meningioma shape, 28
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heterogeneous post-contrast enhancement, 28 and the absence of a CSF cleft sign 28, 29 are associated with high meningioma grade and/or worse clinical outcomes. Our findings corroborate these data by validating peritumoral edema, ADC hypointensity, lack of a CSF cleft sign, and indistinct tumor margins as prognostic factors for high grade meningiomas. Moreover, we report the PPV, sensitivity and specificity of each of these features, and perform RPA to identify distinct radiologic risk strata for LF and OS. We find that ADC hyperintensity and the absence of peritumoral edema are associated with WHO grade I meningiomas with excellent OS. ADC similarly discriminates LF among WHO grade II tumors, likely owing to the greater spectrum of clinical behavior and ADC intensity in atypical meningioma. 5, 30, 31 Thus, like MIB1 proliferation index, ADC may represent a useful marker to identify WHO grade II meningiomas that are at greater risk for recurrence, and for which more aggressive adjuvant therapy or close post-treatment imaging surveillance may be warranted. 5
Prognostic Radiomic Features for Meningioma
Recent studies in head and neck, brain, lung and other cancers have demonstrated the utility of radiomics in providing valuable prognostic information beyond traditional clinical variables. 11, 15, 16 Indeed, radiomic techniques can be used to predict meningioma grade preoperatively, a finding that we corroborate. 12 Moreover, we demonstrate that comprehensive imaging analysis can shed light on meningioma LF and OS by incorporating both radiomic and radiologic features into integrated prognostic models and adjusting for clinical covariates in multivariate analysis. Perhaps unsurprisingly, we find that many of the most prognostic radiomic features are highly correlated with tumor size, an important confounding variable which itself is closely correlated with meningioma outcomes. A previous study also identified tumor volume to be highly predictive for survival, with a concordance indices (a measure of predictive performance similar to the area-under-thecurve approach to ROC analysis) of 0.68 and 0.63 for tumor volume compared to 0.69 and 0.65 for radiomic variables for head and neck cancer and lung cancer, respectively. 11 Although these differences were statistically significant, it remains to be established whether radiomic features provide additional clinically significant prognostic value after tumor size is considered. We attempted to account for this in our analysis by adjusting for tumor size in multivariate analysis. In addition, we identify tumor sphericity to be a morphologic feature that is weakly correlated with tumor size, but which is significantly associated with OS. Thus, we propose that ADC hypointensity and low sphericity are two preoperative imaging-derived predictors of poor outcomes in patients with meningioma. Clinically, these two imaging parameters may help risk stratify patients both pre-and postoperatively, particularly those with atypical meningioma.
Strengths and Limitations
The strengths of this study in comparison to prior studies include the relatively large multi-institution sample size, the availability of high quality outcomes data for both LF and OS, the use of standardized image processing and radiomic imaging features to reduce heterogeneity across MR imaging studies, and the availability of demographic and clinical data for patients, all of which facilitated robust multivariate analysis with adjustment of covariates for model creation.
Nevertheless, our study has several important limitations. First, both the primary and external dataset meningiomas were imaged on a mixture of 1.5 and 3T MR scanners, which could add variability to feature annotation and calculation. Fortunately, intensity correction was integrated into our processing steps and our analysis isolated ADC hypointensity and sphericity, which have low dependence on magnet strength. Second, the generalizability of our data is limited insofar as our independent external dataset that did not represent grade II and III meningiomas in the same proportion has our primary dataset. However, all of the meningiomas in our study were graded according to current diagnostic criteria. 1 Given the long natural history of meningioma and the relatively recent change in meningioma grading, 32 other institutional databases will likely require extensive pathologic re-evaluation before the accuracy of our models can be validated in larger independent cohorts. Third, although we were able to identify associations between molecular, radiologic, and radiomic predictors of adverse meningioma outcomes, the number of cases with available molecular data was too low to include somatic mutation burden, DNA methylation profile, or FOXM1 expression into our integrated prognostic models. Fourth, our clinical data were collected by retrospective chart review which may be subject to selection bias. The recent emergence of prospective meningioma trials may help to ameliorate this limitation, 7,33 but as of yet, no imaging aims have been proposed or reported from these endeavors. Finally, the meningiomas included in this study were relatively heterogeneous, and included both primary and recurrent tumors, but secondary analyses limited to primary meningiomas corroborated our findings.
Conclusions
When considered alongside demographic information, extent of resection, adjuvant radiotherapy and meningioma grade, preoperative radiologic and radiomic features impart important prognostic information for meningioma outcomes. ADC hypointensity and sphericity are of particular value, and could be used to guide clinical risk stratification by predicting tumor grade, LF, and OS in patients with meningioma.
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